Background: The mechanism of esophageal pain in patients with nutcracker esophagus (NE) and other esophageal motor disorders is not known. Our recent study shows that baseline esophageal mucosal perfusion, measured by laser Doppler perfusion monitoring, is lower in NE patients compared to controls. The goal of our current study was to perform a more detailed analysis of esophageal mucosal blood perfusion (EMBP) waveform of NE patients and controls to determine the optimal EMBP biomarkers that combined with suitable statistical learning models produce robust discrimination between the two groups.
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| INTRODUCTION
The connection between unexplained chest pain and esophageal spasm was first described by William Osler in 1892. The term Nutcracker esophagus that describes patients with high amplitude contractions on manometry was first coined in 1979;
1 in connection with "angina like" chest pain of esophageal origin. The precise mechanism by which NE causes pain is not known. Current thinking is that esophageal pain is not related to high amplitude contractions, instead these patients are thought to have a hypersensitive esophagus. The latter implies that the stimuli that do not elicit pain in healthy subjects do so in these patients, e.g., they sense esophageal distension at a lower balloon volume as compared to normal subjects. 2, 3 Similar to myocardial ischemia as a mechanism of cardiac angina (chest pain), ischemia of the bowel wall is an important cause of abdominal pain. Low perfusion of esophageal wall as a mechanism of esophageal pain has been suspected for long time; [4] [5] [6] however, the concept did not gain much ground because of the lack of accurate and reproducible methodology to record esophageal wall blood flow/ blood perfusion in humans. Using a novel methodology in which a laser Doppler probe is anchored to the esophageal mucosa, we found that with each esophageal contraction there is significant reduction in the esophageal mucosal blood perfusion (EMBP), or in other words the blood flows into the esophageal wall in-between esophageal contractions. 7 In another study, we found that patients with NE have low EMBP as compared to asymptomatic healthy controls 8 suggesting the possibility that low blood flow to the esophageal wall may be a mechanism of esophageal pain. Therefore, the mucosal perfusion recording using laser Doppler technique is an important signal that can provide important insight into the pathogenesis of esophageal pain. The goal of our present study is to layout a systematic framework in analyzing EMBP recordings to determine: (i) the biomarkers (waveform parameters) that could be extracted from these recordings and, (ii) whether a robust prediction model could be built to distinguish NE patients from the asymptomatic controls, based solely on EMBP.
| METHODS & EXPERIMENTAL DESIGN

| Subjects
Laser Doppler recordings of the esophageal mucosal blood perfusion (EMBP) from 10 healthy volunteers (mean age 43 ± 15 years, 8 males) and 10 patients (mean age 47 ± 6 years, 8 males) with NE were analyzed for this study. Some of these data were part of a recently published manuscript. 8 Briefly, these patients were recruited from the esophageal clinic/GI function laboratory of the University of California San Diego (UCSD). Cardiac etiology of pain was excluded by appropriate standard of care testing in each subject, prior to their inclusion in the study. All patients had a prior high resolution esophageal manometry (HRM) study with the diagnosis of high amplitude contractions (NE, mean contraction amplitude of >180 mmHg in the distal esophagus). These patients had failed a trial of acid inhibition therapy, i.e., double-dose proton pump inhibition therapy. An important inclusion criterion for our study was the presence of frequent/ daily chest pain symptoms. The protocol for the studies was approved by the "University of California San Diego Institutional Review Board for the Protection of Humans". Subjects fasted and stopped smoking for 6 hours prior to the study.
| Data acquisition
The EMBP was monitored using a custom designed laser Doppler probe (Periflux system 5000, AB, Box 564 SE-175 26 JãrFãlla, Stockholm, Sweden) anchored to the esophageal wall (Fig. 1A , B), as described previously. 7 Briefly, the Laser Doppler probe was firmly taped to a Bravo pH capsule using a paraffin film (Fig. 1B) . The laser beam exits from the laser Doppler probe in the direction and at the level of the suction cup of the Bravo pH capsule. The laser Doppler signal was calibrated in-vitro using the PF 1001 calibration device (0-250 PU) (Periflux system 5000, AB, Box 564 SE-175 26 Järfälla, Stockholm, Sweden) prior to placement in each subject. In the majority of subjects, laser Doppler probe was first passed through the nose F I G U R E 1 Example of despiking the esophageal perfusion signal using the three-dimensional phase space method; (A) shows the relationship between the ellipsoid defined by the universal threshold in 3D and outlier points, (B) corrected EMBP signal (40 000 samples) shown in blue, outlier points in the signal shown in black, with magenta circle overlays, (C) zoomed sample interval between 36 930 and 36 965, showing the removal of the original outliers and the local reconstruction of the signal (shown in blue) using cubic interpolation
Key points
• The pathogenesis of esophageal pain is not known. The goal was to test the extent as to which, esophageal mucosal blood perfusion could serve as a predictor of pain in nutcracker patients.
• Time and frequency domain features from esophageal mucosal blood perfusion waveforms obtained via laser Doppler monitoring, were statistically ranked, and analyzed.
• Results indicate that as a group, NE patients have lower
blood perfusion values compared to normal subjects, but there exists an overlap between the two groups.
and pulled out from the mouth. It was then taped to the side of the 
| Data analysis
The perfusion data were imported into Matlab (Mathworks, Inc., give poor classification on the novel patterns (i.e., generalization).
Therefore, we attempted to select a set of informative time and frequency domain features, and a classifier; logistic regression (LR), 
| Quantiles
The 0.25, 0.5 (i.e., median), 0.75, 0.95, and the inter quartile range (IQR) of the perfusion data were determined. Quantiles are cut points dividing the range of a probability distribution into contiguous intervals with equal probabilities.
| Relative frequency
We define the relative frequency as the number of instances of perfusion data in a particular range (bins) divided by the total number of data points (equivalent of percent time). Five equal bins, in the increments of 200 units (0-200, 200-400, 400-600, 600-800, and 800-1000 PU) were chosen to build a frequency histogram. The third and fourth order moments, namely, skewness and kurtosis were determined from the frequency histograms. Kurtosis is a measure of whether the data are heavy or lightly tailed relative to normal distribution; high kurtosis tend to have heavy tails, or outliers. Skewness is a measure of symmetry, or more precisely, the lack of symmetry. A symmetric data set is a bell shaped Gaussian distribution.
| Power spectral density
A study of relationships between the time domain and its corresponding frequency domain representation is also termed as Fourier analysis and Fourier transforms. 11 The power spectral density (PSD) of a waveform refers to the spectral energy distribution per unit time, and it is an important tool in providing improved diagnosis in the electrocardiogram signal. 12, 13 For all subjects, the PSD estimate of the input signal was found using Welch's overlapped segment averaging estimator. 12 Each section is windowed with a Hamming window. 
| Hjorth parameters
The 
| Feature selection & classification
We used four different statistical methods to rank the feature set, namely, Wilcoxon test, 16 receiver operating characteristics (ROC) curve, 16, 17 Bhattacharyya distance and the Kullback-Leiber distance, also known as relative entropy 16 (see Appendix II). We compared the performance of Logistic Regression (LR) and Support Vector Machines that used radial basis functions as kernels for the classification using 10-fold cross-validation with a 40% hold-out for model evaluation, and the area under the curves (AUC) were evaluated and compared (see Appendix II for further details).
| RESULTS
As discussed in the method section, a 20-minute continuous mucosal perfusion time series that included swallows (both dry and wet) was analyzed for each subject. Mean contraction amplitude at any one location in the esophagus of >180 mmHg was the inclusion criteria for our study. The mean distal contractile integral (DCI), the parameter used in Chicago classification for high amplitude contraction was 6223 ± 2904 mmHg/s/cm in the 10 patients.
We analyzed whether a correlation existed between the mean DCI and mean blood perfusion value in patients. We found a small negative correlation between the two (r=−.15) but it was not statistically significant (P=.65).
A sample result on one of a subject is shown in Fig. 1 . Figure 1B, shows the final signal (in blue) overlaid on the original signal (in black), and the detected outlier points (shown in magenta). Finally, Fig. 1C ,
shows a zoomed region between two samples, where after removal of outlier points, the EMBP signal is locally reconstructed (shown in blue) using cubic interpolation.
| Relative frequency
The results of the relative frequency count (% time in different perfusion unit bins) is shown in Fig. 2 . There was significant difference between the two groups for the 0-200 (P=.014), the 600-800 (P=.045), and the 800-1000 (P=.012) perfusion unit bins. The NE patients spent more time in the lower EMBP values, while the reverse was the case in normal subjects.
| Quantiles
The boxplot of the EMBP data in all subjects is shown in Fig. 3A , data points lying outside 1.5 times the interquartile range are shown as red crosses. The median perfusion value in the normal group was 624, IQR=280. One the other hand, the comparable values for the NE group were 398, IQR=309. Wilcoxon rank sum test revealed a statistical significance difference between the medians of the two groups (P=.011). Figure 3B shows the mean PSD computed for all the subjects within each group. As it can be seen the amplitude of the PSD is reduced in patients with NE, which was further observed by comparing the median PSD of each individual within the two groups, showing a smaller amount of signal energy in the NE subjects (Wilcoxon rank sum test, P<.001) suggesting that the power spectral density and energy content of the EMBP waveform is significantly reduced in the NE patients compared to normal subjects.
| Power spectral density
| Hjorth parameters
The results of the stationary Hjorth parameters are shown in Figure 5 shows the results of applying the different separability criteria to the feature matrix. In each panel, the feature with the longest length has the highest discriminative power according to the particular separability criteria used, while the lower ranked attributes contribute less and less to the discriminating power. In order to evaluate the discrimination power of the predictors, receiver operating characteristic (ROC) curves were generated. The ROC curves plot the true positive prediction rates vs the false positive prediction rates for various classificationthreshold values over the range from near 0 to near 1. Table 1 less features than LR to achieve a better (or equivalent) misclassification rate. According to this table, the top three ranked discriminatory predictors between the two groups are the 0.5 and 0.75 perfusion quantiles followed by the surface of the EMBP power spectrum in the frequency domain, using a ROC ranking, producing a 10-fold cross-validated AUC of 0.93 for SVM and 0.90 for LR. Moreover, the SVM yields the same AUC using only the first two prominent features, as ranked by the ROC curve. This was also true for logistic regression, however, with a slightly lower value. Figure 6 shown a sample classification of the SVM using the top three ranked features for the groups.
| Feature selection & classification
| DISCUSSION
In a recently published manuscript we examined the laser Doppler EMBP recordings in patients with NE and compared them with controls using the commercially available software by Perimed. We built a frequency histogram of the EMBP values during the entire
Boxplot showing the perfusion distribution of all of the subjects within the two groups, with "N" denoting normals and "P", patients, (B) Mean power spectral densities describing how the power of the groups' EMBP signal is distributed over the frequency and comparing signal power in normal and NE patients, with darker solid lines, denoting the mean ± one standard deviation (neighboring shades of the same color) F I G U R E 4 Stationary Hjorth parameters extracted from the perfusion signals, (A) mobility, (B) activity, and (C) complexity. The Hjorth parameters is one of the ways of indicating statistical property of an EMBP signal in time domain. The EMBP activity parameter, is the variance of the time function, which can indicate the surface of power spectrum in frequency domain (i.e., value of Activity returns a large/small value if the high frequency components of the signal exist many/few). Mobility parameter is defined as the square root of the ratio of the variance of the first derivative of the signal and that of the signal. The former parameter has a proportion of standard deviation of power spectrum. The EMBP Complexity parameter indicates how the shape of a particular EMBP signal is similar to a pure sine wave, and its value converges to 1 as the shape of signal gets more similar to a pure sine wave period of recordings (2-8 suspected to have esophageal pain with laser Doppler EMBP recordings, which will shed more light if there is a link between low mucosal perfusion of esophagus and "angina like" esophageal pain.
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F I G U R E 6
Classification results on the training set, using the four different ranking criteria, (A) ROC curve, (B) Wilcoxon test, (C) Relative entropy, and (D) Bhattacharyya distance. The hyperplane separating the two classes is shown in gray. The vectors near the hyperplane are the support vectors. As it can be seen using different separability criteria, the SVM perfectly separates the normal subjects from patients, as shown by the blue circles falling on the same side of the hyperplane (shown in gray). However, three patients (red circles) were uniformly classified as normal, indicating normal mucosal perfusion values in these patients APPENDIX I.
Pre-Processing
EMBP SIGNAL DESPIKING
Like any other digitized signal, the laser Doppler signal has artifacts that is mainly caused by the loss of contact between the laser beam and esophageal mucosa which produces sharp spike in the Doppler signal. 20, 21 These artifacts cause problems in the analysis of EMBP data, and have to be removed without affecting the fidelity of the signal. ferent, yet the spread around the medians may be large enough to blur class distinction. Therefore, we used another approach that focuses on providing information about the overlap between the classes using the receiver operating characteristics (ROC) curve.
Finally, the two methods (i.e., Wilcoxon test and ROC curve) are based on measuring class separability, rather than looking at each feature individually, as the two approaches neglect to take into account the correlation that unavoidably exists among the features. Therefore, we used two other popular "class separability" measures, which find the distance between the distribution of the two class features. This is achieved using the Bhattacharyya distance and the Kullback-Leiber distance, also known as relative entropy.
16, 17
HJORTH PARAMETERS
The Hjorth parameters (activity, mobility, and complexity), have been proposed to examine if the signal is oscillatory or not. These parameters quantify the variance of a signal. 8, 18 Denoting the esophageal perfusion signal as, p(t), where t is for time, the Hjorth parameters are as follows:
Activity represents the signal power. Mobility represents the mean frequency and has a proportion of standard deviation of the power spectrum, whereas complexity compares a signal's similarity to a pure sine wave.
LOGISTIC REGRESSION
In logistic regression (LR) the log of odds for success as a function of the predictors using a linear model is modeled. Logistic regression measures the relationship between the categorical dependent Activity = Var(p(t)), Mobility = √ Activity(dp(t)∕dt) Activity(p(t)) , and Complexity = Mobility(dp(t)∕dt) Mobility(p(t)) variable and one or more independent variables by estimating probabilities using a logistic function, which is the cumulative logistic distribution.
9
SUPPORT VECTOR MACHINES
Among numerous classification methods, the support vector machine (SVM) is a popular choice and has attracted much attention in recent years. It uses the idea of searching for the optimal separating hyperplane with maximum separation. 24 Support Vector Machines (SVM) are machine-learning derived classifiers which map a vector of predictors into a higher dimensional plane through either linear or non-linear kernel functions. 25 The two groups in a binary classification, are separated in a higher-dimension hyperplane based on a structural risk minimization principle. The goal is to find a linear separating hyperplane built from a vector x of predictors mapped into a higher dimension feature space by a nonlinear feature function. Since, in a two class classification problem, there are infinite separation hyperplanes, the objective is to find the optimum linear plane which separates best the two groups.
